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Behavioral finance is a new approach in financial markets
that has emerged as a response to the complications faced by
the traditional finance theory. In general, behavioral finance
proposes that some financial phenomena can be better under-
stood using models in which some players are not fully
rational. More definitely, it explores the cases when one or both
of the tenets that underlie individual rationality is relaxed
(Barberis & Thaler, 2003). These financial phenomena that can
be better apprehended by other means than efficient market
hypothesis can be short-listed as short-term momentum, long-
run reversals in addition to prediction patterns based on valu-
ation parameters and firm characteristics such as dividend
yields, P/E multiples, size effect and value/growth stocks.* Corresponding author.
E-mail addresses: utkuuygur@gmail.com (U. Uygur), oktay.tas@itu.edu.tr
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2214-8450/Copyright © 2014, Borsa _Istanbul Anonim S¸irketi. Production and hosThis study depends on noise trader approach which is an
alternative to the efficient market theory. This approach is
based on two main assumptions. First, not all the investors are
fully rational and their demand for risky assets is influenced by
their beliefs or sentiments that are not absolutely justified by
fundamental news meaning that the investors are subject to
sentiment. Second, arbitrage which is stated as trading fully by
rational investors not subject to any sentiment is risky, thus
limited (Shleifer & Summers, 1990). So, betting against
sentimental investors are costly and risky which can be stated
limits to arbitrage in the language of modern behavioral
finance.
It must be noted that there is a critical role for investor
sentiment in the meanevariance relation. There is a strong
tradeoff between mean and variance as stated by the rational
asset pricing theory when sentiment is low implying a positive
relation over time between the markets's expected return and
variance. But there is little tradeoff when sentiment is high
because there is greater participation of traders that are driven
by sentiment in the market causing the prices to deviate fromting by Elsevier B.V. Open access under CC BY-NC-ND license.
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tradeoff. Even though there is considerable debate regarding
the importance of sentiment driven traders, two cases can be
considered. First of all, since sentiment traders are more
reluctant to take short positions in low-sentiment periods, they
have much more effect on prices during high sentiment pe-
riods (Barber & Odean, 2008). Secondly, sentiment traders are
likely to misestimate the variance of returns impairing the
meanevariance relation since they tend to have a poor un-
derstanding of how to measure risk (Yu & Yuan, 2010).
This study's main objective is to construct a framework to
model conditional volatility considering the changes in the
investor sentiment by measuring the effect of noise trader
demand shocks on the conditional volatility. Despite previous
studies, this research focuses on the effects of investor senti-
ment on different kind of economic sectors. EGARCH model
is used to test whether a change in the investor sentiment has
more influence on the conditional volatility of some sectors
more than others making its returns more volatile in terms of
noise trader demand shocks.
2. Literature review
It has been demonstrated by latter empirical researches that
cognitive biases and misguided beliefs which stimulate sub-
optimal trading decisions might not be arbitraged away
immediately, because individual investors are not only prone
to biases as the population at large but also they might show
over-confidence, herding behavior, and speculation (Barberis
& Thaler, 2003). Kyle (1985) and Black (1986) introduced
the financial term “Noise trader” which refers to a stock trader
that does not have inside information and makes irrational
investment decisions. Even though all other traders are
rational, the participation of noise traders in stock markets
might cause prices risk levels to diverge from expected levels
(De long et al., 1990). The noise trader approach's first
assumption is that not all the investors in the market are fully
rational and their demands for risky assets might be affected
by their beliefs or sentiments which do not fully originate from
fundamental news. Second assumption is that arbitrage is
subject to such sentiment, thus risky and therefore limited.
There has been an extensive study regarding the effects of
investor sentiment on main stock market indexes' returns and a
wide range of proxies for sentiment has been employed.
Lemmon and Portniaguina (2006) have used Michigan Con-
sumer Confidence Index as a proxy for investor sentiment in
their study. They have constructed a time series framework
and indicated that consumer confidence helps to explain the
time variation in equity portfolio returns, specifically size
premium. Qiu and Welch (2004) have also used Michigan
Consumer Confidence in addition to CEFD to indicate that
sentiment changes affect the excess return of stocks particu-
larly having small market capitalization. Randall, Suk, and
Tully (2003) have used net cash flow into mutual funds as a
measure for investor appetite and indicated that mutual fund
flows have a predictive power in determining monthly stock
market returns. Wang (2001) used actual trader positions toforecast S&P 500 index futures returns and found that large
speculator sentiment is a price continuation indicator while
large hedger sentiment is a weak contrary indicator. A recent
study of Canbas‚ and Kandır (2009) explored the relation be-
tween investor sentiment and stock returns in Istanbul Stock
Exchange using Vector Autoregressive Analysis (VAR) and
Granger causality tests and suggested that stock portfolio
returns have an effect on investor sentiment whereas investor
sentiment fails to predict future stock returns.
Trading volume, or more commonly liquidity, could be a
possible choice for investor sentiment. Baker and Stein (2004)
have expressed in their previous studies that it is likely that
irrational investors might want to trade and so, add liquidity if
short-selling is costlier than opening and closing positions,
when irrational investors are optimistic and buying ascending
stocks rather than when they are pessimistic and buying
descending stocks. Kaniel, Saar, and Titman (2004) con-
structed an investor sentiment index called Net Investor
Sentiment (NIS) by using individual buy and sell dollar vol-
umes in NYSE and indicated that individual investors who
trade on the NYSE are likely to react to the liquidity needs of
institutions, and at least in the short run, gain abnormal returns
by exploiting their counterparties demand for immediacy.
Chen, Lin, Ma, and Zheng (2013) examined the predictability
of stock returns in Taiwan Stock Exchange using net indi-
vidual trading and found that individual trading negatively
predicts future returns indicating that individual traders might
be considered as noise traders. Uygur and Tas‚ (2012) have
used the change in the daily and weekly trading volumes as a
proxy for investor sentiment. Significant evidence has been
provided and it has been found that during high sentiment
periods investor sentiment has a significant positive effect on
the conditional volatility of stock markets whereas during low
sentiment period investor sentiment has a negative effect. They
have used a new investor sentiment proxy in their recent study
(Uygur & Tas‚, 2014) where weekly trading volumes of market
indexes are regressed against a group of macroeconomic
variables and the residuals are used as proxies for investor
sentiment. The study again showed that investor sentiment has
adverse effects on returns and volatility with the high partic-
ipation of noise traders.
Baker and Wurgler (2007) formulated a sentiment index
taking some average of six widely used proxies for investor
sentiment rather than using a single measurement for investor
sentiment. The six proxies are: Trading volume based on
NYSE turnover, the dividend premium, the closed-end fund
discount, the number and first-day returns on IPOs, and the
equity share in new issues. Each proxy is regressed on mac-
roeconomic variables (industrial production, real growth in
durable, non-durable, and services consumption, growth in
employment, and NBER recession indicator) in order to
remove the effects of fundamental macroeconomic news.
Principal component analysis is used after the regression to
determine the common aspects into an averaged index. Baker
and Wurgler (2007) indicated that when the sentiment is low
(high), speculative stocks have greater (lower) future returns
on average than bond-like stocks which shows that riskier
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classical asset pricing theories.
There is also considerable amount of work examining the
adverse effects of sentiment on conditional volatility. A
GARCH-in-mean model is employed by Lee, Jiang, and Indro
(2002) to evaluate the impacts of sentiment on returns and
volatility and Investors' Intelligence of New Rochelle which is
recognized as a reliable forecaster of market movements is
used as a sentiment proxy. It is found that changes in the
sentiment are negatively correlated with the market condi-
tional volatility which means volatility goes up (goes down) if
investors become more bearish(bullish). Verma and Verma
(2006) also inquired that fundamental and noise trading has
relative impacts on conditional volatility and unlike previous
studies, they focus on both the rational and noise components
of investor sentiment and their relative effects on volatility
making a distinction between rational and irrational investor
sentiment. Contrary to the study of Lee et al. (2002), Verma
and Verma used AAII investor sentiment index in their
research and instead of a GARCH model they have used
EGARCH model to check for the asymmetric effects of
sentiment. They have stated that there is greater effect of
bullish than bearish investor sentiments on the volatility of
stocks. It is also expressed that stock returns' effect on indi-
vidual investor sentiment (institutional investor sentiment) is
significant (insignificant) which suggests that individuals are
mostly positive feedback traders. Wang, Li, and Lin (2009)
have employed GJR-GARCH, EGB2, and SWARCH models
to explore the effects of investor sentiment on the Taiwan
Futures Exchange. Wang (2001) has established an investor
sentiment index for each type of trader based on their current
total positions and historical extreme values. The empirical
results of the study provided supporting evidence that there is
a significantly positive tradeoff in the low sentiment period but
this is dramatically weakened in the high sentiment period
meaning, thus the meanevariance tradeoff alters with the
sentiment. Yu, Huang, and Hsu (2014) inspected the effects of
investor sentiment on risk-reward relationship in Taiwan Stock
Exchange using Consumer Confidence Index as a proxy for
sentiment and employing rolling window GARCH-M and
TARCH-M models. It is found that returns Granger-cause
investor sentiment and there is a positive meanevariance
relationship during low sentiment periods.
The common result of these studies is that the stock prices
are not only affected by news since uninformed changes in
demand also move them. These irrational demand changes
seem to be a response to changes in expectations or sentiment
which is not fully justified by information. As all these insights
suggest, it is concluded that investor sentiment plays a critical
role in determining the stock prices and as a result, modeling
the volatility of the markets. Nevertheless, it can be clearly
observed that the aforementioned studies mainly focus on the
effects of investor sentiment on returns of main stock market
indexes and the studies that have been interested in the effects
concerning not only the returns but also the volatility of the
stock markets failed to investigate the adverse effects of
sentiment on different economic sectors. This research, on theother hand, explores whether the conditional volatility of some
sectors are more prone to the changes in the investor senti-
ment, so that an increase in the participation of sentiment
traders in the stock market undermines the meanevariance
tradeoff more dramatically. Shortly, unlike previous re-
searches, this study's main purpose to provide a better under-
standing regarding the impacts of investor sentiment on
conditional volatility of stock markets belonging to different
economic sectors.
3. Data & methodology
Engle (2001) suggested that data suffers from hetero-
scedasticity when the variance of the error terms is not equal
causing the error terms to be fairly larger for some points or
ranges of the data than for others. It would be insufficient to
use an ordinary autoregressive method such as ARMA to
model non-constant conditional variances with hetero-
scedasticity present in the data because the standard errors and
confidence intervals computed by standard methods would be
too narrow, although the coefficients for an ordinary least
squares regression are still unbiased. In ARCH and GARCH
models, heteroscedasticity is considered as a variance to be
modeled instead of as a problem.
The equation of generalized GARCH model for variance is
seen as below as the variance of the residuals of a regression
rt ¼ mt þ
ﬃﬃﬃﬃﬃﬃﬃ
htεt
p
is denoted as ht:
htþ1 ¼ uþ aðrt mtÞ2þ bht ¼ uþ ahtε2t þ bht
where the constant u, and the coefficients a, b are to be fore-
casted. The above GARCH model is typically called GARCH
(1.1). The first number in the parentheses refers to how many
autoregressive lags, or ARCH terms exist in the equation
whereas the second term refers to how many moving average
lags are specified which is called the number of GARCH terms.
The ARCH mechanisms are modeled by Engle (1982) as seri-
ally uncorrelated processes with non-constant variances con-
ditional on the past, but constant unconditional variances. Engle
(1982) suggested in the first ARCH model that the conditional
variance is a function of past squared returns whereas Bollerslev
(1986) proposed and used further dependencies in the equation
of conditional variance in GARCH models. Nelson (1991), on
the other hand, constructed conditional variance in logarithmic
form in the EGARCH model where there are no constraints for
non-negativity of the coefficients. A negative shock leads to
a higher conditional variance in the following period than a
positive shock in EGARCH models (Poon & Granger, 2003).
Lee et al. (2002) has used Investors' Intelligence Index as a
proxy for investor sentiment and proposed a GARCH-M
model which has simultaneous changes in investor sentiment
in the mean equation and lagged changes in the magnitude of
investor sentiment in the variance equation. Verma and Verma
(2006), on the other hand, have used an E-GARCH model and
AAII investor sentiment as a proxy. The study of Wang et al.
(2009) is one of the recent works that uses GARCH method-
ology where GJR-GARCH, EGB2 and SWARCH methods are
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Taiwan Futures Exchange. The GJR-GARCH model to test the
asymmetric effects of the sentiment is as follows:
mt ¼ q0þ q1ht þ q2DSIt þ εt and
ht ¼ g0þ g1ε2t-1þ g2ε2t-1It-t þ g3ht-1þ g4Rf þ g5ðDSIt-1Þ2Dt-1
þ g6ðDSIt-1Þ2ð1-Dt-1Þ
where Dt1 is a dummy variable that Dt1 ¼ 0 if DSIt1 < 0;
and Dt1 ¼ 1 if DSIt1 > 0. Another recent study of Yu and
Yuan (2010) has demonstrated the investor sentiment has a
considerable effect on the meanevariance tradeoff using
GARCH (1, 1) and asymmetric GARCH (1, 1).
The main purpose of this paper is to formulate a model to
evaluate the adverse effects of investor sentiment on different
kind of sector indexes in Istanbul StockExchange (ISE).Weekly
returns of sector indexes of ISE from the year 2002e2012 are
used in the study. Instead of using survey data or other sentiment
indexes, a new sentiment proxy is formed in order to capture the
effects of investor sentiment on the returns and conditional
volatility of stock markets. Trading volume is the most suitable
and practical investor sentiment proxy that could be employed
with a study focusing on Istanbul Stock Exchange since other
survey measures such as Turkish Statistical Institute Consumer
Confidence Index or CNBCE Consumer Confidence Index fail
to go back to early years or capture the riskiness of the stock
market. Trading volume is employed previously by Baker and
Stein (2004) and Kaniel et al. (2004) which indicated that irra-
tional investors are optimistic and buying climbing stocks rather
than when they are pessimistic and buying falling stocks, it is
likely that they might want to trade and so, add liquidity. These
irrational investors increasing the liquidity by constant buying
and selling cause an increase in price volatility and this sug-
gestion is also consistent with noise trader theory.
Weekly trading volume data of Istanbul Stock Exchange 100
(ISE 100) is used as a proxy for investor sentiment. Since the
changes in the trading volume are not only indicators of noise
trader behavior but also outcomes of many macroeconomic
events, trading volume data is not directly used as a proxy for
investor sentiment. Similar to the Baker and Wurgler (2007)
study, weekly trading volume data is regressed against a group
of macroeconomic variables: Industrial Production, Producers
Price Index, Consumers Price Index, Gross Domestic Product,
Capacity Utilization Rate, Long Term Interest Rate, andMoney
Supply. The residuals of this regression analysis is used an in-
dicator of investor sentiment controlling the effects of themacro
economical events on the noise trader behavior. All the weekly
closing prices and weekly trading volume data of the market
indexes and all themacroeconomic variables of the countries are
retrieved from FINNET.
An EGARCH model is suggested in this study for over-
coming the non-negativity constraints and understanding the
asymmetric effects more clearly.mt ¼ q0þ εt and
logðht-1Þ ¼ g0þ g1
h
jεt-1j=st-1-
ﬃﬃﬃ
2
p .
p
i
þ g2ðεt-1=st-1Þg3ht-1
þ g4DSentt-1
Weekly returns of seven different sector indexes of ISE
from the year 2002e2012 are used as dependent variables in
the EGARCH model. In the mean equation, mt is the return of
the respective sector index, and q0 is the constant term. In the
variance equation, ht is the conditional volatility of the market
index, εt1 is the First-Order autoregressive lag term, and
DSentt is the change in the investor sentiment indicator
controlled for macroeconomic factors. g2 coefficient shows
the impact of negative innovations to returns whereas g3
shows the persistence of volatility. The coefficient g4 shows
the impact of a change in investor sentiment on the respective
ISE sector index's conditional variance. It is expected g4 to be
positive and statistically significant since an increase in the
investor sentiment means higher participation of noise traders
whose constant buying and selling increases the price vola-
tility which is in line with noise trader theory stated by
De Long et al. (1990).
The main concern of this research is to check whether a
hike in investor sentiment causes a greater increase the con-
ditional variance of the stocks in particular economic sectors.
The regarding coefficient (g4) is reported and compared
among each ISE sector index in order to understand whether
the effect of the investor sentiment on conditional volatility
differs for various sector indexes.
4. Results
Table 1 gives the summary of the EGARCH model applied
to the returns of ISE sector indexes. It is found that g2 is
negative and statistically significant for most of the sector
indexes indicating there is negative leverage effect. Higher and
statistically significant g3 coefficients for Industry, Banks,
Telecommunications, and Textile indexes also demonstrate
that there is high persistence in volatility which points that
long-term variance might be modeled separately for further
inspection among these sectors. As expected, the coefficients
g4 are positive and statistically significant for all the sector
indexes pointing that an increase in the investor sentiment,
which means higher participation of noise traders, increases
the conditional volatility consistent with the noise trader
theory.
A close examination of the coefficient g4 among the in-
dexes suggests that a hike in the investor sentiment causes a
larger increase in the conditional volatility of some of the
sectors. The conditional volatility of industry and banking
sector indexes are the most vulnerable ones against an increase
in the investor sentiment while the conditional volatility of
retail and telecommunication sector indexes are the least
effected. Fig. 1 below shows a representation of the impact of
the investor sentiment assuming that the impact for retail
sector index (the lowest) is 100.
Table 1
EGARCH model results ISE sector indexes.
Coeff. Retail Telcom Textile Service Food & bev Banks Industry
q0 0.0036 0.0024 0.0022 0.0021 0.0031 0.0034 0.0024
(2.5309*) (1.3628) (1.4054) (1.5577) (1.8811) (1.8001) (1.7066)
g0 8.7036 0.0524 1.0059 4.3105 6.0904 0.3739 2.2084
(26.5714**) (1.9254) (3.7889**) (4.5741**) (6.0469**) (2.6792**) (6.1336**)
g1 0.4737 0.0519 0.2310 0.1589 0.1901 0.1688 0.1008
(7.4189**) (2.5961**) (3.8841**) (1.6488) (2.172*) (3.3659**) (1.451)
g2 0.1191 0.0060 0.0965 0.2249 0.0792 0.0710 0.2637
(2.4001*) (0.3019) (4.485**) (3.6463**) (1.465) (2.8366**) (6.1879**)
g3 0.25835 0.99876 0.87445 0.39334 0.08735 0.96032 0.68696
(5.0646**) (332.4589**) (24.17**) (2.9372**) (0.5801) (45.9289**) (13.8377**)
g4 7.95E-05 8.39E-05 1.31E-04 1.56E-04 1.73E-04 2.04E-04 2.17E-04
(4.3038**) (3.4021**) (6.4412**) (6.0294**) (6.0532**) (9.9028**) (11.4444**)
R-squared 0.0006 0.0002 0.0000 0.0018 0.0004 0.0005 0.0007
Adjusted R-squared 0.0006 0.0002 0.0000 0.0018 0.0004 0.0005 0.0007
Akaike info criterion 3.775845 3.383037 3.794541 4.047167 3.660374 3.19169 3.961475
Schwarz criterion 3.7284 3.3356 3.7471 3.9997 3.6129 3.1442 3.9140
Hannan-Quinn criter. 3.7573 3.3645 3.7760 4.0286 3.6418 3.1731 3.9429
The first figures are the coefficients themselves. The figures in brackets are t-statistics of the coefficients.
* & ** means %5 and %1 statistical significance respectively.
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closely monitored and mostly traded both by institutional and
individual traders and ISE30 is mostly made up of Banking
and Industrial stocks where their weights in the index are
relatively high compared to other sectors. Moreover, a close
examination of the average free float market capital of these
seven sector indexes reveals that industry and banking sectors
have the highest free float market capital relative to other
sectors creating an additional trading availability for both
institutional and individual players in the market. Foreign
clearing data obtained from FINNET also showed that stocks
in banking and industry sectors are the prominent traded
stocks in the ISE among the foreign investors where both in-
dividual and institutional investors in the ISE market watch
closely the trading activities of the foreign investors.
Noise traders are naïve players whose buying and selling
decisions do not base on the use of fundamental data. Their
timing is poor and they follow trends, and over-react to good and
bad news. All these circumstances regarding the industry and
banking sectors make them the key driving sectors that lead the
ISE and cause noise (sentiment) traders to consider themFig. 1. Representation for the impact of investor sentiment.favorable and monitor them closely. The results of the
EGARCH model showed that a rise in the investor sentiment
leads to a bigger increase in the conditional volatility of Industry
andBanking sectors. On account of the fact that the noise traders
are always monitoring the price movements of equities and
listening to other conditions of the stock market, these findings
are logical and in line with the noise trader theory because noise
traders' enduring activity of buys and sells puts pressures on the
prices and increase the volatility. As a result, the conditional
volatility of banking and industry sectors are more prone to the
changes in the investor sentiment.
5. Conclusion
The main stock market indexes were the primary focus of
all the earlier studies concerning the adverse effects of investor
sentiment on stock markets without articulating about the
impacts on different economic sectors. In addition to those
researches, this paper provides a complimentary interpretation
about the noise trader approach by inspecting the effects of
noise traders on the conditional volatility of stock market in-
dexes of different economic sectors in Istanbul Stock Ex-
change. Instead of using survey data or other sentiment
indexes, a sentiment proxy is constructed by using ISE trading
volume in order to capture the effects of investor sentiment on
the returns and conditional volatility of stock markets.
In light of the findings in this study, it is duly noted that
investor sentiment affects mostly the conditional volatility of
the key driving sectors of the Turkish economy and Istanbul
Stock Exchange: Industry and Banking sectors. The most
traded and most closely watched index in Istanbul Stock Ex-
change is ISE30 which is more or less comprised of stocks
from banking and industry sectors. Additionally, industry and
banking sectors have the highest free float market capital
relative to other sectors creating an additional trading avail-
ability for both institutional and individual players in the
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traders in ISE and it is also stronger in banking and industry
stocks. Considering all these arguments, it is logical to infer
that the industry and banking sectors would be more favorable
for noise traders who follow trends, and over-react to good and
bad news. Sentiment traders trust other traders'’ trading ac-
tivities do not depend on fundamental data and put pressure on
the prices which increase the volatility. So, the implications of
the EGARCH model regarding the industry and banking sector
indexes' conditional volatility is in line with the noise trader
theory since the increasing presence of noise trader activity in
the respective sector index would mean additional risk hence
volatility.
Although the results of the model suggested that economic
sector affiliation of a stock might play an important role
regarding its conditional volatility's vulnerability against the
changes in the investor sentiment hence the increased presence
of noise trader activity, there might also be present other latent
factors that affect the relationship of conditional volatility and
investor sentiment. It must be noted that stocks belonging to
specific sectors share specific characteristics such as size,
book-to-market ratio, dividend payout policy etc. It is evident
that sector affiliation makes industry and banking stocks more
favorable for noise traders in Istanbul Stock Exchange, a more
comprehensive study might be carried out in order to under-
stand whether the results of this study could be generalized for
other stock markets and whether there are latent factors other
than sector affiliation which alters the interaction between the
conditional volatility and investor sentiment.
By increasing the financial literacy among individual
traders in Turkey through awareness and education programs,
the number of informed traders can be increased, thus the
effect of the noise traders on volatility can be reduced.
Additional IPO's (Initial Public Offering) and SPO's (Sec-
ondary Public Offering) would provide market depth and in-
crease availability both for individual and institutional
investors. These policy implications can reduce the pressure of
the noise traders and investor sentiment on the prices and
volatility of the Istanbul Stock Exchange improving the risk-
reward tradeoff relation. Recent developments suggest that
Istanbul Stock Exchange has been carrying out these afore-
mentioned policies and has been actually trying to increase the
efficiency in Turkish Financial Markets, and consequently,
reduce the adverse effects of noise traders.References
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